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Temporal Mixture Analysis of Arctic
Sea Ice Imagery: A New Approach for
Monitoring Environmental Change

Joseph M. Piwowar,* Derek R. Peddle,*t and Ellsworth F. LeDrew*

1 n this paper, we introduce the idea of temporal mix-
ture analysis (TMA) for analyzing long sequences of hy-
pertemporal remote sensing imagery. The basis of this
approach is spectral mixture analysis, which we adapt
from the spectral domain to the time domain. The TMA
procedure is demonstrated by applying it to a 9-year re-
cord of scanning multichannel microwave radiometer sea
ice concentrations in the Northern Hemisphere. We find
that end-member fraction images provide a unique sum-
mary of spatial arrangements and temporal characteris-
tics of the mapped phenomenon during a specific period
and can be used to characterize climatic normals. A key
distinction that differentiates temporal mixture imagery
from similar images derived through more traditional
means is that the data presented are derived from the
temporal characteristics of the analyzed phenomenon and
not the type of feature present. [Elsevier Science
Inc., 1998

INTRODUCTION

Remote sensing has played a particularly prominent role
in the monitoring of climate change; it is the only source
of data with which we can view the entire planet and
monitor the change in the nature of the surface of the
planet through time, in a consistent, integrated, synoptic,
and numerical manner (Davis et al., 1991; LeDrew,
1992). Global observations of the earth by satellite sen-
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sors are required simply because no other approach per-
mits measurements to be made at the required spatial
and temporal resolutions.

Routine, repetitive, and continuous observations of
Earth’s surface from operational remote sensing systems
began in the early 1970s with the launch of the Landsat-1
and Nimbus-5 satellites. The Landsat series of platforms,
and other more recent systems (e.g., NOAA, SPOT,
IRS-1), carry optical sensors that continue to supply us
with valuable Earth resource information, primarily over
subpolar land surfaces. Similarly, the primary sensors
aboard the Nimbus-5, Nimbus-7, and Defense Meteoro-
logical Satellite Program (DMSP) satellite sequence have
allowed polar scientists to amass a continuous record (ex-
cept for a 2-year gap between Nimbus 5 and Nimbus 7)
of Earth’s Arctic and Antarctic snow and ice covers. Thus
we have a remote sensing data archive that is quickly ap-
proaching the 30-year mark from which we may be able
to determine a climate signal.

Although satellite remote sensing has long been ad-
vocated for monitoring surface processes through time,
remarkably little progress has been made in quantitative
spatial-temporal analysis of multitemporal imagery (Davis
et al., 1991). There is a need to place the compilation of
data sets from past records on an equal priority with the
development of new observing systems. We need to sup-
port the recovery and reprocessing of existing global
change data sets and ensure the long-term continuity of
future Earth-observing systems (UCAR, 1990). We must
create techniques that highlight the space-time relations
in data rather than simply displaying voluminous quanti-
ties of output. In particular, new image analysis techniques
are required to help find expected trends and to discover
unexpected temporal relations in long sequences of re-
motely sensed imagery. This is the domain of hypertem-
poral image analysis.
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Hypertemporal image analysis is still in its infancy.
Published reports describing techniques for the quantifi-
cation of variability and change in remotely sensed image
sequences are absent. New tools must be developed and
tested to determine their applicability in climate change
studies. In this paper, we describe the extension of the
hyperspectral image processing technique of spectral
mixture analysis (SMA) into the temporal domain—a
technique that we call temporal mixture analysis (TMA).
We show how TMA can be used to define long-term nor-
mals in hypertemporal image data sets. This is illustrated
through the application of TMA to a 9-year record of
monthly Arctic sea ice concentration images—108 images
in all—derived from data collected by the scanning multi-
channel microwave radiometer (SMMR) carried aboard
the Nimbus-7 platform.

ARCTIC SEA ICE AND CLIMATE CHANGE

Climatologists have been concerned for some time about
the possible climatic ramifications of increased atmo-
spheric concentrations of anthropogenically produced
greenhouse gases. Many general circulation model exper-
iments show amplified warming in the polar regions as
the strongest response to enhanced atmospheric green-
house gas concentrations. In light of this, a spatially co-
herent pattern of high-latitude temperature trends has
been speculated to be an early indicator of climatic
change. The sensitivity of sea ice to the temperature of
the overlying air implies that observed trends in Arctic
ice conditions may also indicate general climatic changes.

Remote sensing in the passive microwave part of the
electromagnetic spectrum is particularly relevant for po-
lar applications because microwaves are capable of pene-
trating the atmosphere under virtually all conditions (of
particular significance during the frequent and extended
periods of cloudiness in the Arctic) and microwave re-
mote sensing systems are not dependent on the sun as
a source of illumination (an important consideration dur-
ing the long polar night of winter). A historical record of
Arctic imagery from orbiting passive microwave Sensors
starting from 1972 provides us with an excellent data
source for studying climate change and variability.

In this study, 9 years of sea ice concentration data de-
rived from SMMR imagery were analyzed. The SMMR
was a 10-channel instrument that operated on the Nim-
bus-7 spacecraft between November 1978 and August
1987. It measured emitted Earth radiation at five dual-
polarized frequencies between 6.63 and 37.0 GHz in the
microwave part of the electromagnetic spectrum. The
SMMR data used in this study are derived from those
published on the Nimbus-7 SMMR Radiances and Sea
Ice Concentrations CD-ROM (volume 7) produced by
the NASA Oceans and Ice Branch at the Goddard Space
Flight Center and distributed by the National Snow and
Ice Data Center in Boulder, CO. Ice concentration is
the percentage of a given area of ocean (a pixel, in this

analysis) that is covered by ice and is a measure of the
amount of open water within the ice margins. Even in
the middle of winter, concentrations of less than 90%
can be found in the middle of the Arctic pack ice largely
as a result of open leads and polynyas.

Although passive microwave imagery was collected
from orbiting satellites for 4 years before SMMR (Nim-
bus-5 electrically scanning microwave radiometer) and
for all of the years since then (DMSP special sensor mi-
crowave/imager), the analyses presented herein are re-
stricted to the SMMR data set to prevent the introduc-
tion of errors arising from the processing of images from
more than one sensor. Although the 9-year SMMR data
record is too short to make any definitive statements
about climate changes from the results, it is an excellent
test bed for developing new interpretation strategies. We
use the SMMR data to show how temporal end mem-
bers can be generated and applied to define long-term
normals and departures from those normals.

HYPERTEMPORAL IMAGE ANALYSIS
DATA REQUIREMENTS

When preparing a data set for hypertemporal image
analysis, three requirements must be met: (1) the data
must be univariate at each temporal instance; (2) precise
coregistration of each time slice must be guaranteed; and
(3) there must also be some normalization of the data
values between slices before beginning any analysis. The
first requirement was satisfied by using processed ice
concentration images instead of radiance data directly
from the 10 SMMR channels. If we ignored this require-
ment and included several spectral channels for each
time period in our analyses, it would be difficult to de-
termine whether any patterns observed in the image se-
ries were temporal or spectral in origin.

The second hypertemporal specification is the re-
quirement for precise coregistration of each data layer.
In conventional analyses of optical remote sensing imag-
ery, image registration is usually accomplished through a
nonlinear “warping” of the image data to spatially align
them with either a geographic grid or another image’s
coordinate system. Random geometric distortions in the
source imagery and the nonlinear nature of the image
warping process cannot guarantee that every cell in the
registered data set will have an equally accurate registra-
tion. In contrast, SMMR orbital swath imagery is mapped
to a predefined polar grid in accord with a “drop-in-the-
bucket” method in which a grid cell that is covered by
two or more SMMR pixels (owing to overlapping swaths
poleward of 72°) is assigned the value of the last pixel to
cross it—not the average of all the observations from that
day. The drop-in-the-bucket approach does ensure pre-
cise image-to-image registration because the image data
are never warped.

The third requirement of radiometric (or similar) con-
sistency between each image stems from the need to ac-



count for differences in pixel values due to effects such as
atmospheric attenuation, changes in target illumination,
and sensor decay. This is typically accomplished through
a radiometric calibration or normalization of each layer.
Interscene radiometric variations may also be accounted
for in the use of derived products based on spectral chan-
nel ratios such as normalized difference vegetation index
(NDVI) images of optical data. This is also the case for
ice concentration scenes from passive microwave values.
Radiometric artifacts due to extreme atmospheric events,
such as very heavy rainfall, or signal variations arising from
sensor decay or both, may remain in the data, however,
even after ratioing or radiometric calibration (Eastman
and Fulk, 1993). Such artifacts are not expected to be
present in the SMMR data, because the images have been
corrected for sensor drift and processed with a “weather
filter” (Gloersen et al., 1993). In addition, the processing
of the SMMR images into monthly averages serves to
minimize fluctuations that may result from atmospheric
and other short-term effects (Comiso, 1986).

SPECTRAL MIXTURE ANALYSIS

Although the spatial resolution of orbital sensors has in-
creased by a factor of eight over the past 20 years—a
feat that is expected to be repeated in the next 5
years—a large proportion of remotely sensed data are
spectrally mixed because the scales of spatial variation of
natural phenomena are often smaller than the spatial res-
olutions of sensors. Thus a fundamental, yet often over-
looked, concept is that each single radiance value re-
corded by a sensor in image acquisition actually contains
contributions from several individual surface components.
SMA is a procedure that attempts to extract the fractional
radiance components from the pixels in an image.

The primary objective of SMA is the isolation of the
main spectral contributions in each pixel. Although the
spectra in question have traditionally been derived from
radiance measurements at various wavelength bands in
the electromagnetic spectrum, Adams et al. (1993) sug-
gest that the technique is extensible to any physical attri-
bute that can be measured at each pixel, such as net
radiation, radar backscatter, or even elevation. In this pa-
per, the application of SMA is in the temporal domain.

The concept of spectral mixture analysis was intro-
duced by Horwitz et al. (1971) and later became more
popular as a tool for geologic mapping (Adams et al,
1989; Hoffbeck and Landgrebe, 1993; Sabol et al., 1990).
It has also been successfully used in such diverse applica-
tions as forestry (Cross et al., 1991; Hall et al., 1995;
Peddle et al., 1997; Unger and Bryant, 1981), ecological
modelling (Ustin et al., 1993), and coral reef abundance
(Peddle et al., 1995). Although it has been used exten-
sively for the analysis of hyperspectral data from imaging
spectrometers where conventional image analysis tech-
niques have been shown to be inadequate (Adams et al.,
1993; Boardman, 1989), it has also been used with Land-
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sat thematic mapper imagery (Gong et al., 1991) and for
the integration of diverse data sets (Gillespie et al., 1990).

SMA is commonly used to identify the spectral con-
tributions of subcomponents within a remote sensor’s in-
stantaneous field of view. Adams et al. (1993) define this
algorithmically as

DN,=(EM,*F))+(EM,°F,)+ ... +(EM,*F,)+¢, (1)

where:

DN, is the pixel’s digital number
EM; is the spectrum of the ith endmember
(where there are n endmembers in
the model)
F, is the fractional contribution of the ith
endmember
g is any residual contribution not accounted
for by the endmember set

From Eq. (1), we observe that the SMA procedure is
driven by summing the fractional contributions of a set
of spectral end members. End members represent the
most extreme, or “pure,” spectra for a given feature in
the image. Finding pure endmembers in multidimen-
sional image data (known as image end members) can be
difficult, because a large enough pure target must be
known to exist within the scene. Analysts may also define
reference end members from field spectrometer measure-
ments or from external data sources such as spectral librar-
ies; selected end members may also be generated by using
physical models (Hall et al., 1995; Peddle et al., 1997).

In practice, images entered into a SMA procedure are
assumed to contain spectrally mixed data: they are un-
mixed to find the fractional contribution of each of its end
members. This produces one fraction image for each end
member and a root-mean-square (RMS) error image con-
taining any residual spectral components not accounted
for by the end-member set. Referring to Eq. (1), we are
given DN and specify EM, so the equation is inverted to
solve for F. For a more detailed description of this pro-
cess, see Adams et al. (1993), who provide an excellent
introduction to the concepts behind spectral mixture
analysis.

TEMPORAL MIXTURE ANALYSIS

In spectral mixture analysis, fractional images are created
that describe how much each pixel in the scene is related
to the reference spectra (end members) where the refer-
ence spectra are defined as radiometrically pure features.
In this study, the SMA technique is extended to analyze
temporal spectra of SMMR sea ice concentrations to de-
termine if end-member fractions can be created from
temporally pure features (e.g., “no change” and “sea-
sonal change”). If the SMA technique is applied to an
annual summary of the SMMR data, it was expected that
an overview of the temporal characteristics of Arctic sea
ice processes could be derived and subsequently used as
a proxy of the long-term normal. To facilitate this investi-
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Figure 1. Basic end-member definitions. Plotted values are
the 9-year mean sea ice concentrations between March and
September. The presence of pixels that appear to have
higher concentrations in September than in March are due
to land and atmospheric contamination of the SMMR signal
in subpolar regions.

gation, the 108 monthly images in the source SMMR
data set were averaged by month to create a 12-month
summary of mean sea ice concentrations (e.g., the nine
January images were averaged to create the January sum-
mary, etc.). This 12-image sequence was the data set an-
alyzed for temporal mixtures.

From the outset, SMA modelers are faced with the
problem, “What end members should be included in the
(initial) model?” End-member specification is equally
important in TMA. In the present study, the initial end-
member set was derived from basic principles by using a
scatter plot between the known maximum and minimum
temporal bands of sea ice concentration: March and Sep-
tember (Fig. 1).* The triangular shape of the data cloud
suggests a need for three temporal end members: (1)
nonseasonal sea ice (100% concentration in both March
and September), (2) seasonal sea ice (100% concentration
in March and ice free in September), and (3) open ocean
(sea ice absent all year). All other temporal relations be-
tween March and September ice concentrations are defin-
able as linear mixtures of these three end members.

The purest form of nonseasonal sea ice can be intu-
itively defined as 100% concentration (i.e., “no change”)
for each month of the year. Because it was unlikely that
such a pure sample existed in the SMMR data the non-
seasonal sea ice end member was defined manually as a
reference end member. Similarly, the open ocean end
member could be set to be 0% ice concentration (i.e.,
“no change”) for each of the 12 months. Note that, be-
cause these two end members are direct linear combina-
tions of each other, they would be treated as replicate

*Owing to the thermal inertia of sea ice, the sea ice sea-
sons lag behind atmospheric seasons by 2 or 3 months. Thus
the winter maxima ice concentrations are usually observed in
late February or March, and the summer minima are in Sep-
tember.

end members in the mixing model. This was verified by
running the unmixing procedure with three end-member
inputs: nonseasonal sea ice, seasonal sea ice, and open
ocean. The resulting fraction images revealed that the
ocean areas were included in the nonseasonal sea ice im-
age as fractions of 0.0 nonseasonal sea ice. Because these
areas had already been accounted for, the water areas in
the ocean fraction image were flagged as fraction un-
derflows less than 0.0. Consequently, it was not neces-
sary (or desirable) to include both “no change” end
members in the mixing model, so only the nonseasonal
sea ice end member was included for further analysis.

The exact nature of the temporal spectrum of the sea-
sonal sea ice end member was not known, except that it
was presumed to have maximum concentration in March
and minimum values in September. Consequently, this
end member was derived from the image data by finding
those areas that met these criteria and sampling the tem-
poral spectra from points within these regions (Fig. 2).

A total of six spectra were extracted from the image
data to define the seasonal sea ice end member. This
created a new issue: exactly how should these spectra be
combined to form the end member? By definition, end
members should be the “purest” spectra in the image.
“Pure” spectra, in the context of spectral mixture analy-
sis, means that, at any spectral interval, there should not
be any other spectral samples with more extreme values
than that of the end member. This concept was embod-
ied in a purification formula developed in this study to
derive pure end-member spectra from a sampled set of
image spectra:

MAX; if MEAN,>MEDIAN;

EM,= (2)
MIN, if MEAN,<MEDIAN,

where:

EM, is the endmember spectral value for the
ith spectral interval (where i is represented
by month in the present context)

MAX; is the maximum of all sampled spectral
values at the ith spectral interval

MIN; is the minimum of all sampled spectral
values at the ith spectral interval

MEAN; is the mean of all sampled spectral
values at the ith spectral interval
MEDIAN; is the median of all sampled

spectral values at all spectral intervals

From Eq. (2), we see that, if the position of the spectral
samples for a given interval were above the middle (me-
dian) of the overall spectra, then the end member would
be assigned the maximum sampled spectral value. If the
position of the spectral samples were low, relative to the
midpoint of the overall series, then the end member
would be assigned the minimum spectral value. As an
example, consider the three temporal spectra shown in
Table 1. The median ice concentration from all three
spectra is 90. In June, the mean ice concentration value
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Figure 2. First seasonal end-
member definition. (a) High-
lighted pixels indicate locations
where the 9-year mean March
ice concentrations are greater ¥
than 97% and the 9-year mean .5
September concentrations are
less than 3%. (b) Temporal
spectra sampled from the high-
lighted regions. The heavy line

Sea Ice Concentration

is the “purified” end member
derived from these spectra. a

(87) is less than the overall median (90), so the end-
member component for this month is set to the mini-
mum of the sampled June values (82). Likewise, the
mean December value (92) is greater than the median

(90), so the end member is set to the maximum Decem-
ber value (95).

TWO END-MEMBER MODELING

The two end members—nonseasonal ice and seasonal sea
ice—were used to extract their relative fractions from the
SMMR data by using the PCI image analysis system (PCI,
1996). Fraction images for nonseasonal ice and seasonal
sea ice, as well as the RMS error image, are shown in
Figure 3. From a spatial perspective, the nonseasonal and
seasonal ice fraction images fit the known distribution of
these ice types very well. The highest nonseasonal ice
fractions are found in the central Arctic Ocean, above
the Canadian Archipelago (see Fig. 9 for the location of
Arctic place names mentioned in this article). This is the
location of the oldest and slowest drifting ice in the Arc-
tic. The nonseasonal ice fractions in the bulk of the Arc-

Table 1. Example Data for End Member Purification

tic Basin are all greater than 0.7. Toward the periphery,
the nonseasonal fractions drop off rapidly but are com-
plemented by corresponding increases in seasonal ice
fractions. As expected, the seasonal sea ice zone defined
by the fraction image forms a circular ring generally
within the 60°~70° N latitude band. Seasonal sea ice frac-
tions of more than 0.9 are found throughout this band
but have the widest extent in Hudson and Baffin Bays
and in the Barents, Kara, and Chukchi Seas. These re-
gions have very high ice concentrations in March and be-
come ice free in September.

In the RMS error image, lighter tones show areas
where the model has a good fit with the data. These re-
gions can be seen generally in the nonseasonal sea ice
zone, in the Chukchi and Kara Seas, and in Baffin Bay.
Interestingly, some areas, such as in Hudson Bay and in
the Barents Sea, that showed very high seasonal sea ice
fractions also had moderate errors on the error image, in-
dicating the possible presence of additional temporal sig-
nals in these regions. Further, the presence of very high
errors in areas where the sea ice fractions from the mod-
eled seasonal end member were low, such as in the Be-

Purified
Month Spectra 1 Spectra 2 Spectra 3 Max Mean Min End Member
] 97 96 97 97 97 96 97
F 98 97 99 99 98 97 99
M 98 98 99 99 98 98 99
A 95 99 100 100 98 95 100
M 92 97 100 100 96 92 100
] 88 82 91 91 87 82 82
] 35 22 53 53 37 22 22
A 1 16 16 6 1 1
S 1 2 2 2 2 1 1
O 1 8 8 8 6 1 1
N 16 50 73 73 46 16 16
D 87 95 93 95 92 87 95

Median=90
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low error
rms error image

high error

Figure 3. Fraction and error images for the two end-member
model. The “hole” over the North Pole represents missing
data: the SMMR orbit precluded the collection of imagery
north of 84°.

ring Sea and the Sea of Okhotsk, suggests that the TMA
model could be further refined.

This seasonal sea ice end member was created by
using a purification formula, defined in Eq. (2). The cor-
responding fraction overflow image did not show any ar-
eas that had a purer signature. This result, in combina-
tion with the general agreement of the seasonal sea ice
fraction distribution with the known locations of these
ice types, suggests that the purification formula is an ap-
propriate method of defining an end member from a se-
lection of image-based spectra.

FOUR END-MEMBER MODELING

The RMS error image from the two end-member model
highlighted areas that were not well described by that
model, suggesting the need for additional end members.
With the use of the nonseasonal and seasonal sea ice
endmembers (as defined earlier) as a base, new seasonal
ice end members were added to the model by using an
empirical approach. The spectrum for each end member
was defined from a purified selection of temporal spectra
extracted at locations with high RMS errors. After two

new end members were added to the original two spec-
tra, it was noted that:

1. the RMS errors from the four end-member
model were generally low over the entire Arctic
sea ice zone (except for a few small pockets of
moderate errors);

2. when additional end members (beyond these
four) were tested, the size of the regions that
were well fit by each additional end member (as
characterized by high fractional components) was
not significant; and

3. additional end members tended to be simple re-
finements of previous end members in the
model, high-lighting a particular variation of the
overall end-member spectrum.

Because none of the additional end members tested (be-
yond the four specified) defined unique spectral or spa-
tial characteristics (i.e., they were all subsets of existing
end members in the model), the analysis converged on
the four end-member set. For each of the four modeled
end members, corresponding spectral plots and fraction
images are shown in Figure 4.

The nonseasonal sea ice fraction for the four end-
member model is nearly identical with that extracted
with the two end-member model. Given that the area
covered matches the region known to have a permanent
sea ice cover and that exactly the same end-member
spectrum was used in both cases, this two and four end-
member similarity is a correct and expected result. This
match helps to further validate the TMA procedure be-
cause the fraction images correspond to a known ice dis-
tribution. From this, we can assume that the model is
capable of correctly identifying regions on the basis of
their temporal properties.

The first seasonal end member highlights some of
the most dramatic seasonality in the Arctic sea ice zone.
The spectral curve exhibits near total ice concentration
from November through May. There is a steady opening
up of the ice cover in June and July until August when
it is ice free. Ice rapidly forms again in the fall so that,
by November, complete coverage is again realized.

Spatially, the fraction image shows regions exhibiting
these characteristics as most of the peripheral seas ring-
ing the nonseasonal sea ice of the central Arctic Ocean.
The spatial and spectral position of this end member di-
rectly adjacent to the nonseasonal ice reveals an interest-
ing characteristic of the Arctic sea ice cover: regions of
only partial clearing of ice during the Arctic summer are
rare; that is, the need for an end-member definition
spectrally halfway between nonseasonal ice and the first
seasonal ice is not evident from the data. Previous analy-
ses of the SMMR imagery have shown that, in the central
Arctic, sea ice concentration summer minima do not get
much lower than about 75% (Piwowar and LeDrew,
1996); these regions are accounted for by the nonseasonal
end member defined here. If there were areas for which
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the summer minimum ice concentration was between 10—
60%, they would have been highlighted as fraction over-
flows in the first seasonal fraction image or as having high
residuals in the RMS error image or both, but neither oc-
curred. Consequently, although some seasonal fluctuation
may be expected in “nonseasonal” sea ice, when an area
opens up to below 60-70% ice concentration, it will al-
most certainly clear completely for at least a 1-month pe-
riod during the summer.

The second seasonal sea ice fraction image was de-
rived from the same seasonal end-member definition
that was used in the two end-member model (100% ice
coverage in March and 0% in September). Regions with
these temporal characteristics have almost total ice cover-
age from December to June, undergo a rapid clearing in
June and July, remain ice free for August and September,
and quickly freeze to high ice concentrations in October
and November. The fraction image identifies these char-
acteristics to be primarily located in Hudson and Baffin
Bays, and in the Chukchi, Kara, and Barents Seas. Each
of these regions is a location of relatively limited ice move-
ment throughout the year (although this is not unique to
these regions), possibly due to shallow bathymetry and to
the restrictive presence of landmasses that partially segre-
gate these areas from the main Arctic drift streams. This
limited ice motion could promote the quick ice forma-
tion and ice stagnation observed in the end-member
spectrum. In addition, for Hudson Bay, the region with
the closest match to the second seasonal end-member, its
location deep within the North American landmass gives
it a continental climate with cold, dry winters (Gloersen
et al., 1993). The persistence of the ice cover in Hudson
Bay may be further enhanced through the freshening of
the surface water layers by the major river systems that
empty there.

The third seasonal sea ice end member characterizes
much of the ice in the more southerly extents of the sea-
sonal sea ice zone: in the Sea of Okhotsk and in parts of
the Bering and Labrador Seas. These areas are free of
ice for almost as long as they have a measurable ice
cover. After reaching a peak concentration of about 80—
90% in February or March, the ice coverage decreases
steadily so that by June the region is ice free. It remains
devoid of ice for 5 months until November, when the
coverage begins to increase again.

The RMS error image generally reveals a well-fitting
model with low errors, particularly in the nonseasonal
sea ice zone, with some slightly higher errors observable
in the areas covered by the seasonal end members (Fig-
ure 5). Thus we conclude that there are four basic tem-
poral models that can be used to describe the annual cy-
cle of sea ice concentration for any point in the Arctic
(based on the data used in this study). Three of these
models reveal different aspects of the seasonality of the ice
cover, and the fourth is used to model nonseasonal sea ice.
The four end-member model developed here can be a sim-

low error

high error

Figure 5. Four end-member model
error image.

ple, yet effective replacement for the overly simplified ice
descriptions used in some general circulation models.

TEMPORAL MIXTURE IMAGES

Each of the four end-member fraction images shows a
representation of the spatial distribution of a particular
temporal signature that was unmixed from the annual
time series. A composite summary of the temporal char-
acteristics of Arctic sea ice can be obtained by remixing
each end member in a red-green-blue color space, as in
Figure 6. This image was created by portraying the first
seasonal fraction image in red, the second in green, and
the third in blue. The nonseasonal sea ice fraction was
added equally to each color component so that it appears
white in the color output. The intensity of each end
member’s color is directly related to the fractional contri-
bution that each end member makes to the temporal
characteristics of Arctic sea ice. Areas of “pure” red,
green, or blue indicate regions where the monthly vari-
ability of the sea ice concentrations closely follows the
corresponding end-member spectrum. Color mixtures
are present where there are temporal mixtures of ice
characteristics. For example, the pure green regions in
Hudson Bay or blue areas of the Sea of Okhotsk point
to the high fractions of the ice in these regions with tem-
poral characteristics closely resembling the second and
third seasonal end members, respectively. The pink tones
in the East Siberian Sea suggest that this region is domi-
nated by a mixture of seasonal sea ice 1 (red) and nonsea-
sonal sea ice (white) characteristics. Similar color mixtures



are evident in the different end-member transition regions
where no single temporal characteristic is dominant.

A key distinction between temporal mixture imagery
and similar images derived through other means (e.g.,
principal components analysis or image classification) is
that the data presented are derived from the temporal
characteristics of the ice distribution and not the type of
ice present. Thus, a region that is highlighted by the non-
seasonal ice fraction is not necessarily dominated by multi-
year ice. It is, however, dominated by ice whose month-
to-month variation is closely aligned with the temporal
spectrum defined for this end member.

TMA AS A TOOL FOR CHANGE ANALYSIS

Temporal mixture images provide a unique summary of
the spatial arrangement of the temporal characteristics of
the mapped phenomenon during a specific period. In the
preceding section, for example, a temporal mixture image
was created to describe the annual spectra of Arctic sea
ice concentrations averaged over the 9-year SMMR life
span. End members developed for a particular feature
set should be directly applicable to other realizations of
the same features so that spectral variations between
them will be highlighted in their fraction and error im-
ages (Adams et al., 1993). If they were applied to annual
subsets of the SMMR data, it was expected that the frac-
tional images could serve as a historical record or sum-
mary describing the spatial distribution of ice for each
year. Further, they could form the basis for interannual
comparison by relating the spatial distributions of each
end member. To test this application, the four end mem-
bers developed previously were assumed to represent
long-term general ice conditions® and were applied to
the temporal sequences for 2 separate years, 1979 and
1984. These years were chosen to examine the capabili-
ties of this approach in handling temporal sequences that
differ considerably from the long-term mean because pre-
vious analyses have shown that 1979 was particularly icy
in many parts of the Arctic, whereas teleconnections from
the 1983 El Nifio event were observed as abnormally low
ice concentrations in 1984 (Piwowar and LeDrew, 1996).

Figure 7 compares temporal mixture and RMS error
images for 1984, 1979, and the long-term average. Be-
cause the same long-term endmember set was used for
each analysis, regions that have high errors in the error
images are locations of significant deviation from the cli-
mate normal. The temporal characteristics of the anoma-
lies are interpreted by analyzing the differences in color
mixtures in the temporal mixture images. Several exam-
ples will demonstrate this technique.

The central core of nonseasonal sea ice took on a

*Ideally, end members derived over a 30-year data interval
would have more climatic significance.
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more elongated shape in 1979, extending farther into the
Canadian Archipelago and abutting the Siberian coast-
line. In contrast, the ice along the Alaskan margins of the
Beaufort Sea exhibit nonseasonal characteristics in 1984,
indicating that high concentrations of ice remained in
this area throughout the year. This phenomenon is part
of a well-known reciprocation of the entire Arctic Ocean
ice pack across the pole between the North American
and Eurasian continents (Gloersen et al., 1993; Piwowar
and LeDrew, 1996; Walsh and Johnson, 1979).

“Purer” colors in the Laptev, Kara, Barents, and
Greenland Seas in the 1979 image indicate that higher
end-member fractions were derived for this year than for
the long-term average. This means that these regions fit
their corresponding temporal spectra more closely than
average, suggesting an increased presence of ice during
the winter of 1979 or less ice in the summer of that year.

The Sea of Okhotsk had an unusually long and broad
ice cover during 1979 and almost no ice at all in 1984.
In fact, the 1979 fraction image for the third seasonal ice
end member (shown in blue in Fig. 7 and in isolation in
Fig. 8) had a fraction overflow for a significant part of
this region, indicating the presence of temporal spectra
that were purer than the end-member definition. To ex-
amine the nature of this condition, additional spectra
were extracted for the overflow areas and compared with
the end-member definition (Fig. 8). All of the sampled
spectra show higher ice concentrations than does the
modeled end member for the first 3 months of 1979. The
same condition exists for the Bering Sea during 1984.
During the preliminary end-member definition stage of
SMA, fraction overflows are usually considered to repre-
sent error and are eliminated by redefining the end mem-
ber. For interannual comparisons during TMA, however,
fraction overflows are desirable because they assist in the
quick identification of anomalous or changed conditions.

A unique attribute of temporal mixture images lies in
their ability to summarize the mixing interactions between
the pure end-member spectra. By knowing (or being able
to determine) color definitions based on mixtures of red,
green, and blue, one can estimate the relative proportion
that each fraction is contributing to a given area simply
by noting its color. For example, the brown color mixture
along the Beaufort Sea coast of North America in the
1979 image does not appear elsewhere in these images.
It is representative of a mixture of approximately 65%
nonseasonal ice, 25% seasonal sea ice with temporal
characteristics of the first seasonal end member, and
10% seasonal ice matching the second seasonal end
member and contrasts with the long-term average where
the first seasonal end member dominates. A review of
the end-member spectra in Figure 4 for the brown areas
in the 1979 image reveals that they would have been to-
tally ice covered from November through May, with a
large proportion remaining solidly covered throughout
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the year. About one-third of the area would have opened
up for a brief summer in August and September.

OTHER ANALYSIS POSSIBILITIES

In this study, we unmixed temporal fractions from a 12-
image summary from 9 years of SMMR imagery to repre-
sent a long-term normal. Another approach to analyzing
change in the image sequence could be to use spectra
from all of the 108 monthly images over the 9 years. The
end members thus defined would represent various de-
grees of change in different parts of the temporal se-
quence. An examination of loadings plots from a princi-
pal components analysis of the same data may assist in
defining the first few end members.

As mentioned earlier, the 9-year period examined
was not long enough to attach any climatic significance
to the changes observed (although it was sufficient to re-
veal large anomalies, such as those present during the El
Nifio years). The SMMR data set was chosen for this
study to develop and evaluate the TMA procedure. The
9 SMMR years are only one part of a continuum of pas-
sive microwave imagery extending from 1973 to the pres-
ent. We should soon be in a position where we can tem-
porally unmix data from the entire time period to define
a climatically significant long-term normal, if there can
be a coherent ice concentration transformation between
the different data sets. This will be the subject of a fu-
ture communication.

Temporal mixture analysis is not necessarily restricted
to passive microwave image data or sea ice applications.
Terrestrial images from the NOAA advanced very high
resolution radiometer (AVHRR) sensor are frequently
used for climate change analyses because of their high
temporal resolution (the satellite makes more than one
pass each day, helping to ensure adequate data); medium
spatial resolution (approximately 1 km at nadir, which is
detailed enough for monitoring many environmental sys-
tems while minimizing unnecessary data volume); and his-
torical data record (since 1978). For monitoring vegetation
changes, AVHRR data can be composited into NDVI im-
ages that not only emphasize vegetative biomass, but also
serve to satisfy the first and third hypertemporal data set
requirements discussed earlier.

TMA could also be applied to higher spatial and
temporal resolution data, such as airborne hyperspectral
imagery, where it has the potential to reveal subtle pat-
terns of diurnal or interseasonal variability.

SUMMARY AND CONCLUSIONS

In this study, the method of spectral mixture analysis has
been extended and reinterpreted for use in the time do-
main and applied to a time series analysis of Arctic sea ice
concentrations derived from remotely sensed imagery.
This method, which we call temporal mixture analysis

(TMA), has provided a new framework within which
longer-term trends in sea ice change have been quantified
and related to observed physical properties over time. For
example, we found that the annual cycle of sea ice con-
centrations over the 9-year period studied for the entire
Arctic can be modeled with four temporal end members
created from theoretical and empirical derivations.

We also develop the concept of temporal mixture
images. These images provide a unique summary of the
spatial arrangement of the temporal characteristics of the
mapped phenomenon during a specific period. A key dis-
tinction that differentiates temporal mixture imagery
from similar images derived through other means (e.g.,
principal components analysis or image classification) is
that the data presented are derived from the temporal
characteristics of the analyzed phenomenon and not the
type of feature present. For example, a region that is
highlighted by a nonseasonal ice end member is not nec-
essarily dominated by multiyear ice. It is, however, domi-
nated by ice whose month-to-month variation is closely
aligned with the temporal spectrum defined for this end
member. End members refer to extreme—not average—
conditions; real locations exhibiting these characteristics
may or may not exist. These extreme conditions may
serve as useful guides for engineering or climate model-
ing applications.

“Pure” spectra, in the context of spectral mixture
analysis, means that, at any spectral interval, there should
not be any other spectral samples with more extreme val-
ues than that of the end member. This concept was em-
bodied in an empirically based purification formula de-
veloped in this study to derive pure end-member spectra
from a sampled set of image spectra. The purification
formula defines an end-member spectral value to be the
most extreme (either maximum or minimum, depending
on the context) sampled value at that period.

Our TMA also revealed an interesting phenomenon
about the temporal character of Arctic sea ice concentra-
tions: regions tend to remain generally ice free or ice
covered during the year, suggesting that there are forces
at work that cause sea ice to resist a change of state
(freezing or thawing) well beyond the point at which at-
mospheric conditions indicate.

TMA was shown to be an effective tool for identi-
fying changes between groups of temporal sequences
(e.g., l-year time series) and a reference sequence (e.g.,
a long-term normal). Fractional images summarize the
temporal processes operating during a specific time pe-
riod (e.g., 1 year) and could also serve as a historical re-
cord or summary describing the spatial and temporal
characteristics of the analyzed phenomenon. The ele-
gance of this solution should be of interest to creators of
general circulation models, many of which treat the Arc-
tic as a seasonally invariant slab of ice.

We have demonstrated the utility of TMA with the
use of SMMR images of sea ice concentration. We see



great promise in the applicability of the technique for
monitoring changes in more terrestrial features (such as
the boreal forest) with the use of other sensor data (such
as the NOAA AVHRR).

Financial support from the Natural Science and Engineering
Research Council and the Institute for Space and Terrestrial
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